Various approaches of skin detection have yet to demonstrate a stable state of performance. This is due to skin color in an image that is sensitive to variant illumination, camera adjustments, and human skin types. To contribute in overcome this problem a robust skin detection method that integrates both color and texture features is proposed. Texture features were estimated using statistical measures as range, standard deviation, and entropy. Back-propagation artificial neural Constructing Reliable Skin Detector Based on Combining Texture and Color … 96 network is then used to learn features and classify any given inputs. In this work, two skin detectors based on texture features only, and a combination of both color and texture features (proposed) have been constructed. Furthermore, the paper analyzes and compares the obtained results from the both skin detectors to show the impact of the integrating color and texture features to the robustness level. It found that the proposed skin detection method achieved a true positive rate of approximately 94.5% and a false positive rate of approximately 0.89%. Experimental results showed that proposed approach is more efficient compared with other state-of-the-art texture-based skin detector approaches.
Introduction
Skin detection is one of the important techniques in image processing and the most distinctive and widely used key to many applications such as face detection [1] , various medical applications [2] , human motion analysis [3] , naked images filters [4] , and others. Skin detection is used to determine the image pixels related to human skin. Color is a useful cue to extract skin pixels. One of the major issues in using skin color in skin detection is how to choose a suitable color space. Numerous color models (RGB, CMY, and CMYK [5] ; Hue, Saturation, and Intensity (HIS) [6, 7] ; Hue, Saturation, and Value (HSV) [8] ; Normalized RGB [9] ; and YCbCr [6, 8] ) are used today because color science is a broad field encompassing many areas of applications. Many skin models have been developed based on color feature only using RGB color model [10] , but these approaches are not robust enough to handle different lighting conditions and complex backgrounds containing surfaces and objects with skin-like colors. Many researchers as [11, 12] have used pixel-based algorithms as main methods for skin detection. This approach is easy but it is not accrue enough. Nevertheless, few skin detection methods have been constructed based on a pixel and its neighbors [13] . Some researchers have used traditional techniques [14, 15, 16] , while others used intelligence [17, 18, 19] to detect skin pixels. Skin color is considered as a useful and discriminating spatial feature for many applications, but it is not robust enough to deal with complex image environments. Skin tones range from dark (Africans) to light white (Caucasians ) as shown in Figure 1 . In addition, both the light-changing conditions (see Figure. 2 a) and the existence of objects with skin-like colors could cause some major difficulties (see Figure 2 b ). To help in overcome these problems, this paper proposes a robust skin detection using (ANN) Artificial Neural Network that integrates both color and texture features. It involves the information of a pixel and its neighbors. Table 1 illustrates several publications using different approaches for skin detection. The rest of the paper is organized as follows: Section 2 illustrates the texture features; Section 3 presents the proposed skin detection method in details; Section 4 describes the results obtained from the two skin detectors; and Section 5 presents the evaluations of each detector. The last two sections contain the discussion and conclusion and suggestions for future work respectively. 
Extracting Texture Features
Three texture features were estimated using a statistical approach, which computes the different properties through three statistical measures: standard deviation, maximum-minimum range, and entropy. These features were extracted from each pixel and its neighbors. The standard deviation could be calculated using the following formula [29] : (1) Where, (2) Meanwhile, the maximum-minimum range equals (maximum value of pixel − minimum value of pixel) of the n-by-n neighborhood around the corresponding pixel in input image I [5] . Finally, the entropy was estimated by using the formula [5] :
where, is the probability of the pixel color (x i ), and n represents the number of pixels.
The Proposed Skin Detection Method
The proposed skin detection method -based on ANN-combines both color and texture features. To increase the reliability of the skin detection process, neighborhood pixel information is incorporated into the proposed method. The color features are extracted directly from the pixels using RGB model, and the texture features of the scanned windows over the image pixels are extracted using a statistical approach then feature vector of pixels and their 8 neighbors is produced. To determine the decision rule of these features, a multilayer back-propagation ANN [30] [31] is used. The architecture of the used back propagation ANN (see Figure 3) consists of: one input layer, two hidden layers and one output layer. There are six neurons (nodes) in the input layer, each one representing one feature of the feature vector; three and two neurons in the two hidden layers respectively; and one neuron in the output layer, which equals to (1) when the input features represent the skin region, and (0) when the input features represent non-skin regions. The block diagram of the proposed skin detection method is shown in Figure 4 . 
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The proposed skin detection method consists of the following phases: 1. Initial phase: It consists of two main steps:  Creation of skin and non-skin image database: This step involves collecting samples of different human skin-colored pixels from a variety of people under different illumination conditions (skin pixels without background), as well as a variety of non-skin colored pixels. The image is examined manually to determine whether it contains skin. If no skin is present, the image is placed in the non-skin group. In the skin image group, regions of skin pixels are manually extracted using Adobe Photoshop. In labeling skin, an attempt is done to exclude the eyes, hair, clothes, mouth opening, and lips. The collected data are divided into three subsets: training, validation, and testing. The training set is used as the primary set of data applied to the ANN for learning and adaptation, with 351228 skin and 428602 non-skin pixels manually segmented from 87 images. The validation set is used to further refine the ANN construction and is considered an important guard. The test set includes different images with simple and complex backgrounds, indoor and outdoor settings, and different image sizes and skin colors used to measure the performance of the ANN. It has 1119129 different pixel types manually segmented from 95 images.  Feature Extraction: Throughout feature extraction step, two windows are moved over an image; the size of the first window is 3×3 and that of the second is 9×9. The color features (Red, Green, and Blue) of the centered pixel of the first window are extracted. The texture features are extracted using a statistical approach, in which different properties are computed using standard statistical measures as standard deviation, range, and entropy. The first two static features are estimated from pixels within the first window, whereas entropy is estimated from the pixels within the second window. All the statistical measures are computed for multi-channel image matrices (Red, Green, and Blue), and their average is considered as the final representation of the feature. Figure 5 shows (for example) the scheme of computing entropy for multi-channel image matrices. Entropy is a statistical measure of randomness that can be used to characterize the texture of the input image [5] .Entropy for each channel is defined as: (4) (5) (6) The average entropy matrix will be:
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2. Training phase: To train the neural network for detecting skin pixels, the extracted features are entered as training input data into the ANN. The quality of the training sets entered into the network determines how well the detector performs. The input image may contain objects other than skin; thus, the detector is trained and learned to recognize skin and nonskin features. The weight matrices between the input and the hidden and output layers are initialized with random values. After repeatedly presenting features of the input samples and desired targets, we compare the output with the desired outcome, followed by error measurement and weight adjustment until the correct output for every input is attained. Furthermore, the neurons of the two hidden layers are estimated using hyperbolic tangent sigmoid transfer function, whereas the output layer neuron is estimated using linear transfer function. The training algorithm used is Gradient descent with momentum back propagation. The training phase of the skin detector is illustrated in Figure 6 . To select the significant contribution of increasing the accuracy of the skin detector, two different types of skin detectors are constructed in this paper: those using texture features based skin detection and a combination of texture features with color feature-based skin detection.
Testing phase:
The skin detector is used to test each pixel of a given image (test image) depending on training data. If a pixel is detected as skin, it will be stored in a new image (skin image) at the position of the original image. After examining all image pixels, a new binary image is obtained, which includes only skin pixels. The obtained results from this phase are used to evaluate the performance of the proposed skin detector. The testing phase of the skin detector is illustrated in Figure 7 . 
Results
The experimental results are presented to show the effectiveness of the proposed skin detector which is based on integrating both texture and color features. Our skin detection system was carried out on a 3.00 GHz Intel (R) Core TM 2Duo processor with 8 GB RAM on Windows Vista platform using MATLAB R2009b.
The implementation of the skin detector has been tested in different images with simple and complex backgrounds, indoor and outdoor settings, as well as different image sizes and skin colors. The experiment is performed on the testing set, which includes 1119129 uncontrolled (different illumination, captured quality, distance to camera, etc.) pixels.
Moving 2 windows of size 3 X 3 and 9 X 9 over the image, standard deviation and range texture features are estimated from the pixels within first window while the entropy is estimated from the second one 
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Figure 7: Testing phase of the proposed skin detection method
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Each of the first 608129 pixels belongs to an arbitrary number of skin images and images containing an arbitrary number of people and faces. The other 511000 pixels reflect no skin pixels, and pixels belonging to images with objects that present skin-like tones (such as a red flower, dog, chocolate, etc.) are included as well. Figure 8 shows the overlap between skin and non-skin colors, suggesting that the skin detection problem based on color features is a difficult issue because a significant overlap exists between the skin and non-skin models. However, overlap is a significant problem only if the counts in the shared bins are comparable in the skin and non-skin cases. The effect of this problem can be minimized using the texture analysisbased features. Two different skin detectors have been tested and evaluated to select the one with higher reliability; then, the evaluations are compared with the performance of previous skin detectors. The first skin detector method recognizes skin pixels based only on texture features; and the second one detects the skin pixels by combining both texture and color features. The testing result of the skin detector based on ANN with texture features only are shown in Figure 9 , including high rates of false positives and false negatives, caused by using only texture features. Many skin regions with different colors noticeably have the same texture; thus, obtaining highly accurate detection rates based only on texture features is impossible. Figure 10 show that different pixel regions (skin and non-skin) have a variety of colors with similar textures. Some of which (Figures 10 a, b, d , and e) have been detected incorrectly using ANN with only texture features. The testing result of our proposed skin detector based on ANN, combining both texture and color features, is illustrated in Figure 11 . The results include high rates of true positives and true negatives with low rates of false detection. Although the image in Figure 10 reflects several human skin types with different colors and textures, the skin pixels within this image are detected correctly by the proposed skin detector, except for a few scattered pixels incorrectly detected as non-skin. Most skin pixels within the images shown in Figure 11 .a,c, and e are detected correctly (Figure 11 .b), while no false detection rates are shown within images i and j in Figure 11 . More additional example shows that most skin pixels with different colors as shown in Figure 11 More problematic are images with wood, copper-colored metal, or chocolate colors as they contain shades often occurring in the skin model and are difficult to reliably discriminate using only color or texture features. The combination of both features results in fairly dense sets of true positives; however, the image shown in Figure 11 l versus its original (Figure 11 k) is correctly classified because it is very similar to skin in color, except for a few scattered pixels incorrectly detected as skin.
The Proposed Skin Detector Evaluation
This section involves the evaluation of the proposed skin detector efficiency. A skin detection process is never perfect and different users use varying criteria for performance evaluation. General appearance of size zones detected is one of the evaluation criteria. To quantify performance evaluation, True Positive (TP) and False Positive (FP), are computed for all pixels in the "skin classifier testing set" through skin detector testing. FP is the proportion of non-skin pixels classified incorrectly as skin, whereas TP is the proportion of skin pixels classified correctly as skin. To evaluate the skin detector by two approaches (texture features only, and a combination of both color and texture features), a sample of 1119129 pixels are used in this evaluation ( Table  2 ). The Accuracy [11] [32]of the first skin detector performance is 0.33 whereas it is 0.988 for the second skin detector. 
Discussion
Considering the unconstrained nature of Internet images, the performance of the skin detector is surprisingly good. The best performance can detect 94.50% of skin pixels with an FP rate of 0.89%, by combining both texture and color features Although there is no means to locate any two papers which used the same test sets, examining previously published results may be useful. The performance of the proposed skin detector in this research is compared with the performance of other skin detectors. The Bethe Tree Approximation of First Order Model proposed by Zheng et al [33] can detect 72% of skin pixels with a 5% FP rate, whereas the proposed Bayesian model by Jones and Rehg [14] can detect 69% at the same FPs. The recall rate of pixel-based skin color classification proposed by Gasparini et al. [11] is 92%, while precision equals 39%. Figure (12 ) shows a simple comparison among different skin detection approaches. These evaluation metric values indicate that the proposed skin detector outperforms and is the most reliable of all skin detectors mentioned above. 
Conclusion and future work
Skin detection is an important pre-process in many image analysis applications; hence, we proposed an improved skin detection method integrating both color and texture features to increase the reliability of skin detection using ANN. The neighborhood information of each pixel was also used through the training and testing phases. Two approach (texture-based skin detector and a combination of both color and texture features) were applied and tested. We have shown in this paper that a skin detector based on combined color and texture features can lead to an efficient and more reliable method for supervised skin detection compared with using pre-defined color tone rules or texture features only. The proposed detector reduces the FP rate to 0.89% with respect to based on texture feature-only skin detectors. A necessary future direction is to validate the proposed algorithms using a standard skin database data set. Such a method will enable us to compare our detection results with those presented by other authors for the same test images. Another improvement is adapting our approach to fuzzy logic technique using frequency domain.
